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IS CAUSAL. MODELING REALLY HELPFUL? 

0 

' ^ Lee M, Wolfle 

The charge I received from Bob Baker was to answer the question, 
"Is causal modeling really h^lpf^^l?*' My answer is a definite ^ut ^ 
qualified, "yes/* I would first like to tell you why I would answer in 
the positive; then I want to say why the answer has to be qualified; . , 

In the past year I have had several people ask me, "What is pat,h 

analysis, anyway?". Several times I have answered, "It's just multiple 

regression with pictures," That line usually produces at least a 

chuckle, because they think I am kidding. But Tm not, ^ ^ ^ . . 

In hierarchicaV models {all that means is that the causal influences 
♦ 

all flow in one direction without any feedback), the estimation of effects 

is accomplished by multiple regression* Of course, things can get more 

complicated if there are feedback loops; then identification of the Enodel 

becomes a problem, and multiple regression no longer produces the proper 

estimates^. Also, if the model^ contains unmeasured or latent variables,- 

♦ 

/then some other proce^dure is required for estimation, such as factor 
analysis, canonical Correlation, or the analysis of covariance structures 
(e.g*, LISREL}* But let us temporarily focus our attention just on 
hierarcjiical, causal models, estimable with multiple /egression/ 

rf hierarphical causal^ niodels are merely pictorial representations 
of multiple regression equations, why are they so helpful? The answer 
obviously does not lie in the method of, estimation, I bielieve there are 
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at least two reasons'why hi>rarchiial causal models are helpfu.l* The 



first IS that the fdrmulatjon of problems In a path analyiic fr^mwork 
forces a degree of exptici/tness that is" pften not present in^research 
reports that rely solely jin regression. .The'drawing of the picture, 
the arrangement of the variables! the connections with causal arrows, 'all 
force the researAer to ton'front his or hfer modeV of pealitj< .Once that 
arrow has Been drawn, tje reseajrchep knows, and the researcher knows the 
reader will know,* that ihe rnodil specifies one variable' t^be a cause* 



of another. ) / ' ^ ^ 

How is one to decide whjtch variable is the cause,' and whfch the / 
effeqt? Clearly, the. data w|ll not tell usi such decisions must be made 
prior to data analysts* The^e are some*simple rules. For X tp cause 
X must precede Y in time, ^or X tS cause Y, they must be functionally ' 
related, which is oilly toN^^y that knowing X allows one to predict Y 
-with, greater accuracy than/ if X was not known. Also, for X to cause Y, 
there/^nust not be /a thi rd/yariable Z that causes both X and Y in^such a 



way that the association /between X and Y. disappears once Z is controlled, 

' * . ^' . ' ' ' , 

whjch IS only to^say th^t the relationshi-p, be^een X and Y is not spurious. 

^ If' 

Beyond these sili|liDle rul^s, one'detennines causal relationships by knowing 
one's subject matter; but tfla^is a topic I w^tnt to postpone for a' f ew . 
minutes* / ^ . 

^So, one draws the arrow on the. basis of what one knOwg a priori , or 
theoretically if you/will, abogt the sa6je(;t being investigated. Once the 
arrows have been dr^wq, the researcher krfows v/hiih variables are conceived 
to be the c^yses, and which variables the effects^, An<^ 'the reader knows. 
The two {tne author and the reader) have clearly*:coninunicated, and there, 
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should.be po misunderstanding* The researcher may, of course, be wrong; 
but at -least he or she won't, be itiisunderstood* l^t is this degree of 
, explicitness In. causal modeling that led me to conclude an article 
published last year in AERJ {Wolfle, .1980a) that explicit cofmiunication 

^ was the most important strategy of •path analysis* - - 

I would like to share with you a couple of examples* Last year I 
published an article in Sociology of Education (Wolfle, 1980b) which 
addressed the enduring effect of educational attainment on'adult .knowledge. 
Previous research indicated a strofig causal relationshipi that is, the 

* 'acquisition of more schooling causes people to possess more knowledge as 
adults:* , I thought the relationship was probably spuriously due to inteU 
ligence* I developed a causal model which incorporated {among^ other 
variables) childhood *intell igence, educational^ attainment, adult iatelli- 
gpnce, and ^ measure of adult ^knowl edge of vocabulary words* I specified 
the model' in such a way that education was a cause of adult intelligence, 
and both were causes of the vocabulary score* I have since then heard 
from Ward Keesling (1980) that in his opinion adult intelligence would be 
"better considered a prior cause of education* This is no small matter, 
because in my specification of the model the effect from education to 
adult IntftJligence and hence to vocabulary is interpreted as part of the 
tot#l effect of education on vocabulary* In Keesling's preference, only 
the direct effect would be included in the interpretation of the effect 
of education on vocabulary; the fest would be interpreted as a spurious 

effect due to antecedent variables, including adult intelligence* The 

* '• 

point, hov^ever, is not who is right and who is wrong {although I haVe an 
opinion on the rnatter). The point is thJit neither of us can be.misinter- 
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prated in how we stand on the issue* The arrow points in either one 
direction or the other, but it does point. It is explicit. In contrast, 
if I had merely regressed a vocabi>lary score on educatfonal attainment, 
adult" intelligence, and some other variables, no 6ne would know, including 
me, how substantively^ to interpret the relative effects of education and 
itltelligertcfr, beyond a rather simplified n^asure of "education's net 
(direct) effect- on knowledge. 
\ ,1 woi^ld like to offer another, example, A year or so ago I read an 
article in the Journal, of Rea/ing Behavior (Yap, 1979), which addressed 

the question 'ot whQth^ a child's comprehension of a written passage , u 

♦ ' ^ , 

resulted from an understanding oT*the wcJT^s used in the passage, or whether 

the chilfi's understanding^of words resulted from a comprehe^osipn of the 

passage* In other words, (joes vocabulary cause comprehension, or does 

comprehension cause vocabulary? -It seems clear to me that such a question 

njust be framed in terms of the same passage, but this is not what the 

author did* yje chose to'Tkjialyze the data with cross-lagged correlations*, 

wb-ich^ implied a causal structure in which vocaBblary at time 1 caused 

cpmprehension -St" time 2,^and comprehension at time 1 caused/vocabulary at 

time 2, 3 disfagreed with that specification (Wolfle and McGee, 1979)* 

It seems to rft^that the causal relationships between vocabulary and 

cMprehensldn be specified at the same point in time. But once 

again^ the point is not who is right and who is wrong. The point is that 

speci fying^'the* analysis in causal terms Tefl 'to an unaii4)iguous statement 

of one's beTi'ef*^ PersonalVy, I would rather be wrong than misinterpreted, 

and setting up analyses in the framework of causal models helps one to be 

explf(^:t>oth in their thinking and in the'ir co(rmunication to others* 



There is a. second reason why I believe hierarchicaT causal models" 
are helpful. They provide a powerful aid to the substantive interpretation 
of resultSt Causal models not onlyallow the assessment of direct causal 
links, hierarchical models also allow the researcher to obtain estimates 
of the extent to which intervening variables 'Account for relationships 
between predetermiTied and subsequent variable^. These-are i.nterpret;ed as ^ 
indirect causal effects. In, addition, the researcher may obtain "estimates 
of the extent to which ^ntec^dent variables account for relationships 
between subsecjoent variables. These may be interpreted as spurious effects 

How a causal model is constructed determines tFie kind of interpre- 
tatiohs one can draw from it> (This is the nature of ,th^ disagreement 
over whether adult intelligence should^:pre^ede educational attainment or 
come after it.) It was one of the lessons in "Strategies of t>ath Analysis" 
(t/olfle, 1980a) that the kind of model one builds depends on the kind of 
resea-rch questions being asked*. If a re$earcher's analytic goal is to 
assess the extent of intervening caosal effects, a hierarchical causal 
model permits its realization. ^ . % ' ■ 

I would like to offer a simple but elegant example, not because ft 
is ^simple but because it represents one of the very fi rst -applications of 
causal models to a substantive pnoblem in educational research (broadly . 
considered). Duncan'and Hodge (1963) had three analytic questions in 
jnind: (1) What is the zero-order as5ocistion between the sociG^ctmomic : 
status of sons and their fathers? .(2) How'is this , association mediatec^.A 
by the intervening factor of educational attainment? and (3) What is^the 
net association of education and the^socioeconomic status of $ons, js\'part 
from its de^ndence on father^s status? To answer^hese qu^stion^," they" 



developed and evaluated the first carusal model, of status attainment. They 

found a correlation of about *30 between th^ socioeconomic statuses of 

fathers and sons* When they decomposed thfs association into direct and 

indirect causal components, they found in every age cohort that the 

' * " . * ' " 

indirect effect of father's status manifested through education was more 

important than the direct causal link of father's s.tetus and son^s status* 

Third, they found that education was a ^ore important- determinant of 

occupational achievement than was father's status. This was the analysis 

that led us to understand that the reason statuses of fathers and sons are 

correlated is not betause sons inherit their father's ^st^tus, but because 

father's status heTps to determine the amount of education the son acquires, 

which in turn helps^to. determine the son's statue* ■ It is a classic example 

of going f rom ,a set of substantive questions to a causal model designed to 

address the questions, and hence td the interpretation of results* 

♦ * 
ThereMS yet another advantage to causal modeling that I would likQ 

to mention only in passing, because Peter Bentler { 1981 ) and Susan Whitely 

{1981} have already remin^ded us of the analytic power of latent-variable 

models* Therp are many concepts and constructs that form powerful concep- 

tual mechanisms for understanding ^social relationships, arid yet these 

concepts and ^constructs^re not directly m^asureable* All*one caji do is 

measure tha effects of these unobservable variables on manifest indicators* 

Here I am speaking (Jf such unobserved concepts as Intelligence, for wh.ich 

* ' , ■ 

one has manifest scores of, say, a reading test, a vocabulary test, and a 

mathematics test; or socioeconomic status, measured by occupational ' . 

rprestige, earnings, and years' of- education; or anomie; or Protestant ethic; 

or sex stereotype* This list could be considerably expanded* 
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f C^usaVmodels with unmeasured vartables^ have a long history, /and go 
barck at least as far as Sewell tfright's (1925) ana-Jysis of the fluctuations, 
in corn anch)iog prices. His model included an unmeasured hog breeding 
variable. Paralleling the development of path analysts^ there is a long 
history of factor analysis which has, as you know> been concerned with 
finding unmeasured^ctors which can explain why manifest variables are 
intereorrelated* But until recently, the factors themselves were not ^ 
conceived of as being causal Jy -related, only intercorrelated* 

Among others, it was JSreskog -(see JSre^kog and Siirbom, 1979) who 
wedded, th^ techniques bi^ causal modeling to factor analysis, and has thus 
provided us with a powerful new analytic tool. The procedure, cofmionly 
known as LISREL (Joreskog anc^^rbom, 1978), provides the advantages of 
causal modeling, whi-ch I^ave mentioned above in the context of hierarchi- 
cal models, as applied to latent variables, which are often the variables 
of real tl^^oretical interest* LISREL 1:hus makes possible the rigorous 
testiorf of theories that have until now been very ^difficult to test 
ad^uately (Kerlinger, 1977). 

^ I would like to add one example to those alre^dy'^erttioned by 
Bentler (1981) and Whitely (1931). TKis- exarnpT^ is takeh^rom some of 
the recent wor^ of Zajonc (1980), He^was basically interested in whether 
affective' reaction had to occur after cognitive. recognition, or whether 
affective judgments oCcy^r independently of cognitive encoding. Part of 
his analysis was based on a causal model wtth latent variables, for 
neither affect nor cognition were measured perfectly or by single manifest 
variables^ He was able to show th^it these latent variables were related 

/ 

to each either in a way that suggested affective reaction had a stronger . 



effect on cognitive recognition than vice versa. It is a good piece of 

wprk {an affective judgment), and was awarded the Distinguished Scientific 

I 

Contribution Award by the American Psychological Association. I think It* 
represents a good example of how new research tools,' such as causal 
modeling with latent variables, can open up (i^w avenues of inquiry, or in 
this case enlighten an area of speculation that waited 100 years for a 
methodology to emerge that could answer the questions of interest. 

Thus, in, answer to- the question, is causal modeling helpfuil, I'd ^ 
say, "yes." While the methods employed in hierarchical irodels of manifest 
variables are not new, the application of them in a causal framework both 
permits ^hddemandsa degree of expllcltness which is good for scientific * 
coimnunlcation* In addition, causal models aid in the interpretation of 
results by permitting the decomposition of a^sociati^ons into direct, 

r 

indirept, &nd spurious causal effects. The ^substanti ve interpretations 
of these components provide some powerful insights intp social prpcesses* 
Moreover, new techniques which combine both factor analytic and causal 
mqdeling techniques into a single package h^ve provided some real break- 
throughs in areas (jf substantive interest. 

But I said in the beginning that my answer would be a qualified one, 
and now I would like to. stipulate what that qual If idatiqn is* 

f think that the scientific fields that move forward the fastest are 
not those that generate the greatest number of hypotheses, but rather ■ 
those that discard the greatest number. Piatt (1964) called such methods 
"strong inference." One devises alternative hypothes'es , deci^des upon the 
specific experiment Whfch will exclude one or the other of the hypotheses,, 
and then carries out the experiment to its logical conclusion. One then 
reformulates competing hypotheses among the possibilities that remain. 
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and thus moves forward by excluding those avenues of*thought that aT*e 

{ ' 

unsupported by/evidenceo , ' ' ^ 

Of course, in the social sciences in general and educatiorf^in 
particular, we are, not allowed to -app^y crucial experiments. We mu^, 
deal with intact groups; we must live with self-selection* So, be it; 
I would not want to live in any other kind of^ society. But* as analysts 
of such data, we must deal with such matters as self-selection* ^To da 
that requires a fine appreci at>on^f one's subject matter* ^ . 

In the nineteenth century, Louis. Pasteur was able to solve several 
biological and medical puzzles by applying the logic of strong inference* 
He didn't know more about fermentation, or anthrax, or^rabies. than others 
of his contemporaries. But he applied a method which allowed him to ' 
exclude alternative explanations* Today, irt^the social*^ciences, there 
are a few people who know the techniques of causal modeling very well. 
But that does not necessarily mean they can make advances in an^particular 
field of study just by applying causal modeling techniques to the field.. 
In the absence of the experimental method, it is vitally impo/tefnt to 
ir^lude in one's analysis the variables that control for alternative ' 
explanations. If one is to decide if a^reatmgnt works, or an effect 
exist, one must first know why some people selected therti^ves for 
treatment and others did not. Without such knowledge, and the means to ^ 
control for it, it is impossible to exclude alternative hypotheses* Thus, 
the most important prerequisite for good causal models is a thorough 
knowledge of one's subject matter, apd a stylish appreciation of alterna- 
tive explanations. Without these, neither you nor I, using any analytic 
procedure,, can make advances in our respective fields. 
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Bill (fboley (1978*) made this point more eloquently than I, when 
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he noted that Paul Lazarsfeld could . 'o better causal analyses with 

continguency tables than Cooley could with all his number crunching, 

* because Lazarsfeld '?:now whVcK'variable^s to. control for* ' ' ^ 

It is easy enough to say that alternative explanations must be , . 

taken intf account* It is quite another thing actually to, do it. The " - 

^parameters of humari behavior are niiioerou? and complex, much more numerous 

. and-complex that the analytic tools we have available to us* Duncai) (1975) 

made the distinction between- the easy part of structural equation models, 

by which he meant the essential tools of matrix algebra and mathemattcal 

statistics, and the hard part of causal models, by which he meant the 

formirlation of creative ideas that are necessary to construct causal 

Enol^els* So, at the risk of souniing' presumtuous, do not undertake to ^ 

apply causal modgls'to areas of inquiry in the hope that the technique^ ^ 

alone i?^ill automatically yield'good research* To do so confuses the too.l , 
, ' , ^ \ 

with the aifn* ' Causal modeling is an analytic tooT , but the aim i-s a 
thriving line of resear^ch with theories that have scope ^'nd coherence, 
and that yield pre(3icti6ns ,of -unexpected' new facts* While I think I 
know at least something about the tool, my record of substantive break- 
throughs is a thin one* But then so yis the record of most of the social 
sciences* - 

Thus, the techniques of causal model ing are indeed helpful* But 
they ^re merely tools ^to be <jsed by those who first knoi^heir subject 
matter,. Without knowledge of one's subject matter, "^sfus^ model ihg 
becomes merely a faddish analytic technique (i^^d to disguise one's 

' " I 

• • . .• . ■ • 

■ ■ , ^ '12 



ignorance* The advantage of causal models is that they force a degree 
Of explitfitneSswhtch reveals good analyses as quickly as the imprJIausible 
ones. Toward thSt end,' I would*in<feed say, "Yes, (iausal modeling is . 
really' helpful . , 
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